Improving school quality with limited resources is a key issue of policy. It has been suggested that instructing teachers to follow specific practices together with tight monitoring of their activities may help improve outcomes in under-performing schools that usually serve poor populations. This paper uses a RCT to estimate the effectiveness of guided instruction methods as implemented in under-performing schools in Chile. The intervention improved performance substantially and by equal amounts for boys and girls.
Introduction
Improving the quality of education for children from lower socioeconomic backgrounds is key to offering equal opportunity and arresting the intergenerational transmission of poverty. However, achieving this can be challenging in practice. For example observational studies as well as studies with randomized assignment of students to teachers have concluded that teachers can have a large impact on performance (Rivkin, Hanushek, and Kain (2005) and Chetty, Friedman, and Rockoff (2014) and for Ecuador Araujo, Carneiro, Cruz-Aguayo, and Schady (2016) ). However this literature has been unable to identify what makes a good teacher; and even if it did, turning around the quality of teachers to a sufficient extent will likely prove far too difficult and slow. So the natural question is whether we can improve outcomes by identifying and implementing innovative teaching practices and relying on the existing human resources; solving this problem can have major policy implications for most countries in the world.
An experiment in Chile provides a unique opportunity to address this question. The educational psychology literature focusses on the method of instruction as an approach to improve school performance. The basic principle is that it is possible to compensate for low teacher skills by providing them with specific prepackaged classroom material and directions for teaching to any group of students in standardized ways. These methods can be controversial and there is an active debate on the extent to which prescriptive methods can be successful.
While advocates of minimal instructional guidance argue that students learn best when they discover concepts by themselves, those who believe in guided instruction argue that the cognitive architecture of the human brain is such that students' learning is maximized when teachers directly explain the concepts that students are required to know (Kirschner, Sweller, and Clark, 2006) .
Guided instruction methods, in turn, come in many forms. They are distinguished by the degree of discretion that teachers have to adapt instruction according to the characteristics of the particular group of students they are facing (Ganimian and Murnane, 2014) . These methods are usually complemented by training teachers to support them in the use of these instruction materials. This method is known in the literature as scripted instruction and became very popular ever since the launch of high scale educational programs like Success for All and DISTAR in the United States (Slavin, Lake, Chambers, Cheung, and Davis, 2009 ).
In this paper we contribute to the understanding of the effectiveness of direct instruction approaches in schools that serve deprived populations, by analyzing the impact of a large-scale guided instruction program in Chile aimed at low performing schools. We focus on the performance of students in the national standardized Math, Language, and Science tests and our results are based on a school-level randomized trial.
The program in question, known as Plan Apoyo Compartido (henceforth, PAC), was implemented by the Chilean Ministry of Education in 2011. The main intervention of the program was to support teachers through a modified method of instruction by adopting a more prescriptive model. Teachers in treated schools received detailed classroom guides and scripted material to follow in their lectures. The program was intended to be implemented gradually, so only a group of eligible schools was invited to participate in the first year. Our measure of students' learning is their performance in the Chilean standardized Education Quality Measurement System evaluations (henceforth SIMCE evaluations, for its name in Spanish). We concentrate the analysis on students who were in their fourth grade of elementary school in years 2011 and 2012 and attended eligible schools.
Our results suggest that the program had positive and significant effects, particularly for kids from the most advantaged backgrounds within treated schools (students in schools with higher socioeconomic status or from higher income families within our lower income population). Overall, the program improves Reading test scores by about 10% of a test score standard deviation the first year of implementation. Program effects increase significantly in the second year: test scores improve in all subjects in between 9% and 13% of a test score standard deviation. All these effects are statistically significant. Moreover, kids in schools with high socioeconomic status participating in the program improved SIMCE scores by 20% of a test score standard deviation with respect to comparable kids in control schools. Finally, students from high-income families see the greatest benefits from the program, their test scores improving by between 10% and 20% of a test score standard deviation. All these results are strongly robust to adjustments in our inference strategy to control for multiple testing.
1
To better understand the impact of PAC on students' test scores we analyze the effects of the program on the quality of teacher-students interactions based on the CLASS (Classroom Assessment Scoring System; see Pianta, Mashburn, Downer, Hamre, and Justice (2008) .
2 A random subsample of treatment and control schools from the PAC program where invited to participate in the CLASS experiment. The experiment involved filming several hours of classroom teaching and coding them to score teachers' interactions with their students based on very specific teachers' behaviors that coders look for. We first show that CLASS scores correlate positively and significantly with students' performance, and particularly for those from lower income background. Then, we show that PAC did not cause significant improvements in CLASS scores, which may explain why low income students were more modestly impacted by the PAC.
Our study offers an important contribution to the literature on understanding and improving education quality. We are specifically testing a program that is easily scalable and which does not make inordinate demands on human resources, but which, according to a well established literature, can offer real improvements in pupil performance. From a methodological point of view the experimental design on a particularly large number of schools offers the power needed to detect even relatively small effect sizes. Second, we provide the first assessment of the interaction between a large scale instruction intervention and the CLASS in producing learning outcomes. The use of CLASS as a tool for understanding the mechanisms through which the intervention works, by implementing it on both treatment and control groups is new in the literature.
3
The paper is organized as follows. The next section describes the program intervention, the experimental design and the data used in this paper. Section 3 describes the identification and inference strategies. Section 4 presents the main results of the paper. Section 5 studies the importance of teacher-students' interactions to improve performance and the impact of PAC on these interactions. Finally, section 6 concludes.
2 Experimental design, data, and randomization check
Plan Apoyo Compartido (PAC)
PAC was implemented by the Chilean Ministry of Education in 2011 as a targeted educational policy providing technical and pedagogical support to schools historically performing below average in the national standardized test, SIMCE. It aimed at improving student' learning outcomes in Math and Language from pre-K to fourth grade (and, additionally, in Natural and Social Sciences for students in third and fourth grades), changing practices inside the classroom and the school. The PAC targeted low performing public and subsidized private schools nationwide. 4 We describe the design and implementation of the PAC next.
PAC design The design of PAC included five components and was implemented in six-week cycles (see Figure   1 ). The first component, called "effective implementation of the national curriculum"(indicated [1] in the figure), consisted in the development of unified pedagogical material and planning tools distributed to teachers. These tools included an annual curricular programming, a series of teaching materials designed for each six-week cycle, and a set of daily planning activities to be used by teachers in the classroom. The second component (indicated [2] in the figure) consisted of promoting a school culture and environment that encourages learning. A manual was developed and delivered to schools to guide the implementation of the ideas. The third component (indicated [3] in the figure) was the use of student evaluations as a tool for guiding teaching. This component included the development of four types of tests to monitor progress in students learning: a diagnostic test to determine the initial level of academic skills and knowledge administered at the beginning of the school year, intermediate and final tests to determine students' progress, and students' performance reports. Each of these testing instruments was applied in different moments of the semester to help analyze students' performance in Math and Language (MINEDUC, 2013) . It is worth noting that unlike the SIMCE tests, these instruments
were not standardized tests and could be applied voluntarily by PAC schools. The fourth component (indicated [4] in the figure) was defined as the "optimization of the use of school time for learning in the classroom", and consisted in promoting class planning and frequent class observation in schools to provide feedback to teachers.
Finally, the last component known as "promotion of teachers' professional development" (indicated [5] in the figure) aimed at promoting frequent internal school staff meetings to discuss students' progress.
4 The Chilean system of education includes three types of schools: public schools, subsidized private schools, and private schools. Public schools are both financed and administered by the public sector; subsidized private schools are administered by private agencies but receive funding from the State in the form of vouchers per attending student; finally, the third group includes schools that are administered privately and tuition is paid by the students' families. 
Stage:
Curriculum implementation [1] and school culture [2] Diagnostic Test [3] Final Test [3] Cycle: 1 2 3 4 5 6
Every cycle (6 weeks):
• Teaching material
• Students' workbook
• Period test [3] and students' reports [3] • Class observation [4] • Feedback to teachers to the ELE teams. Each ATP visited its assigned schools every 6 to 7 weeks to advise the ELE on the use of the teaching material, on the development of a diagnosis of the school's strengths and weaknesses, and on the analysis of the students' tests scores to study progress (MINEDUC, 2013) .
Monitoring and assessment of PAC implementation at the school level The Ministry of Education collected information on the ATPs visits to schools and its findings. Still, as part of the effort to assess the impact of the Program (which included this paper's analysis), the Chilean Ministry of Education designed two instruments, mainly focused on gathering evidence on the extent to which teachers and schools used the pedagogic material provided by the Program, implemented PAC components, and received the support of ELEs and ATPs.
The first instrument was a protocol specifically developed to observe and code class videotapes on key aspects of the program. 5 Independent raters were asked to observe the videos and indicate whether the program intervention activity is observed in the classroom or not, establish if teachers in the classroom implemented 5 The protocol followed to code videos resembles the CLASS protocol described in section 5.
the scripted instruction method, and determine if teachers organized their classroom according to the program guidelines. The key aspects that were observed in both PAC and control schools were class structure, encouragement of critical thinking, norms and schedule, and evaluation of students' performance. In Appendix A we present the correlation between participating in PAC and the average score in these relevant dimensions of the program implementation. The data indicates that PAC schools are observed to perform better in the PAC objectives within the classroom. The difference between treated and control schools is only significant when it comes to the enforcement of norms and schedule. PAC classrooms are 5.8 percentage points more likely to follow the norms and schedule relative to non-PAC schools. Within this dimension, a particularly interesting aspect concerns the use of prepacked material by the teachers. Coders were asked to indicate if they observe teachers in the classroom using special workbooks as a pedagogic resource (the scripted class manuals, or "PAC book" in the case of the treated schools). PAC schools are 23 percentage points more likely to use the scripted workbooks in class relative to non-PAC schools. The difference is significant at the 1% level.
The second instrument to assess the degree of implementation of the PAC at the school level was to interview the head of the technical and pedagogic office of the school (henceforth JUTP, from its name in Spanish) and a set of teachers within the schools that participated in the monitoring evaluation. These surveys gathered information about the key ingredients of the program. For example, authorities were asked if their school utilizes annual planning in class, whether students are periodically evaluated, whether the teachers understand and explain norms of behavior to students, and the frequency with which the school organizes meetings between teachers and authorities to monitor the performance of students (see figure 1 ). Table A2 shows the correlation between PAC treatment and the responses of JUTPs. The first three columns are concerned with annual planning activities within the school. 93.38% of JUTPs in the sample respond that the school engages in annual planning of the curriculum and we do not detect differences between PAC and control schools in annual planning. However, columns (1) to (3) evidence that PAC schools are significantly more likely to have the annual planning performed by the PAC authorities or by the ELE team and significantly less likely to leave the curriculum design to teachers. This evidence may be an indication of one of the dimensions in which teachers in PAC schools were supported by the authorities. Columns (4) and (5) provide evidence of two additional dimensions of support to teachers. The evidence presented in column (4) indicates that PAC schools are observed about 34.2% more times by the ELE team relative to control schools. Moreover, column (5) indicates that teachers in PAC schools receive feedback after these observations in about 30.5% more times than control schools. Finally, teachers' responses are consistent with the JUTPs answers, although we do not detect significant differences between PAC and control schools in teachers' responses. 6 For example, consistent with the JUTPs reports, teachers in PAC schools are more likely to having their classrooms observed and to receive feedback after observations.
6 The vast majority of teachers in the sample respond positively to the questions. It is worth remarking that the fact that all teachers, including PAC teachers, implement the key program instruments is reassuring of the implementation of PAC.
Eligibility and Randomization
Among public and subsidized private schools in Chile, PAC considered two main eligibility criteria to define the target group of schools: first, the school's baseline average SIMCE score for the years between 2005 and 2009 in Math and Language should be below the national average (252 points out of 500); and second, there should be at least 20 students per level on average from pre-K to fourth grade.
7 2,286 schools met these criteria and were ranked by their 2005-2009 average SIMCE scores in Language and Math. The bottom 1,000 schools were automatically considered eligible. Since participation in the program was voluntary, refusal to participate was expected, so in order to reach a target of around 1,000 eligible schools in the first year of the program, the Ministry increased the sample within each DEPROV by 50%, going up in the SIMCE ranking. 8 Of the resulting 1,480 eligible schools 632 located in "small" DEPROVs (DEPROVs with 40 schools or less) were allocated to the program automatically and do not form part of the evaluation and analysis. The remaining 848 schools located in "large" DEPROVs were randomly allocated to treatment and control groups. Five schools in the randomization are excluded from the analysis because they show missing information on school and students' characteristics in both the 2011 and 2012 data sets. All in all, of the 843 schools considered in this analysis, 648 were randomly selected to the treatment group and 195 were randomly selected to the control group. 
2012 CLASS intervention
The second part of this paper analyzes the relationship between teacher-students interactions and learning outcomes. To measure the quality of teacher-students interactions, we use the well-known CLASS measurement system Pianta, Mashburn, Downer, Hamre, and Justice (2008) . The CLASS is an instrument used in the Education literature to measure the quality of teacher-student interactions, as a proxy to teachers' quality or effectiveness.
To produce the CLASS measures, a randomly selected group of 158 PAC schools (79 from the PAC treatment group and 79 from the PAC control group) were invited to have their fourth grade classrooms videotaped for four full lessons. The CLASS intervention took place in 2012, the second year of implementation of the PAC program. After class observations, thoroughly trained coders watch and analyze the videotapes and assign a score for teacher-students interactions in several dimensions (details will be presented in section 5).
The CLASS experiment had an extremely good compliance: in the end, 137 invited schools agreed to participate in the filming sessions and 185 classrooms within participating schools had lectures filmed. Nonparticipation is fairly well balanced between the treatment and control schools. 10 The sample of treated and control schools that participated in the CLASS experiment is also well balanced in school pre-treatment char-7 The Ministry of Education also required that the schools administrators should have no sanctions related to the voucher subsidies system in the previous three years. 8 At this point some schools were excluded after consultation with DEPROV authorities either because of bad management or because they were already receiving technical and pedagogical assistance from well-known agencies of pedagogical support in Chile.
9 Two of the 843 schools in the randomization are missing from our 2011 data set. Therefore, we consider 841 schools in 2011. Four of the 843 schools in the randomization drop out of our sample in 2012. Therefore, our analysis for 2012 is based on 839 schools. We discuss attrition in this section below.
10 Among these 185 classrooms, 94 were in control PAC schools and 91 were in treatment PAC schools. Among the 91 classrooms in PAC schools, in turn, 78 were participating in the PAC, while 13 were in schools invited to participate in PAC but did not accept.
acteristics. These characteristics include the school income group, the past average SIMCE score of the school, the experience of fourth grade teachers, the experience of the school principal, and the tenure at the school of fourth grade teachers and the principal. For all these baseline characteristics we cannot reject the hypotheses that they are equal among PAC and non PAC schools that participate in the CLASS experiment.
Data
The analysis in this paper relies on administrative data provided by the Ministry of Education. This data set includes student level information on treatment status, test scores, and baseline demographic characteristics. Table A3 in appendix B shows summary statistics of all the variables used in this paper, namely, test scores and baseline characteristics, for the group of students that took each of the subject tests (post attrition samples).
Treatment-control balance and attrition
In our empirical results we exclude from the 2012 data those schools that implemented the CLASS observation system because of Hawthorne effects (Landsberger, 1958) -an issue we return to in the results section. As we show there, the CLASS intervention had impacts of its own thus contaminating the control schools that were part of it. CLASS was randomly allocated in both treatment and control schools and thus there is no bias in excluding these schools. Table A4 in the Appendix shows summary statistics and randomization checks at the school level. The evidence shows that the randomization at the school level was successful: all pre-treatment school characteristics are balanced across PAC and control schools. Moreover, the result of an F-test of joint significance of school baseline characteristics on random assignment indicated that we cannot reject the null hypothesis that no variable jointly predicts treatment. Table A5 in the Appendix, displays a set of randomization checks for the entire population of fourth grade students (the pre attrition sample) and for the three post attrition samples (Reading, Math, and Science test takers). The table is divided in three panels, corresponding to the 2011 cohort, the 2012 cohort that excludes schools participating in the CLASS intervention, and the whole 2012 sample. Each panel displays the results of a test of differences in means of attrition rates and baseline characteristics across treatment status, and a test of joint significance of the impact of baseline characteristics on treatment status.
In general, attrition rates in our sample are very low and baseline characteristics are balanced in both, the pre attrition and the post attrition samples. In 2011 there is no student that missed all three subject tests in the sample. When analyzing attrition rates by subject for this cohort (not reported in the table), only 2.06% of students missed the Reading test, 2.08% missed the Math test, and 1.97% missed the Science test. Moreover, attrition rates are balanced between the treatment and control groups, as shown in the first three rows of the 2011 panel of Appendix Table A5 . There, the statistic reported is the difference in attrition rates between the treatment and control groups. These differences are very small: relative to the control group, there is 0.7% less students missing the Reading test and 0.1% more students missing the Math and Science tests in the treatment group. However, all p-values indicate that these differences are not significant.
The next set of rows show the results of a test of differences in means of baseline characteristics. Most baseline characteristics are balanced even among the students that did not drop out of the data. The exceptions are low income and mother and father incomplete high school : test takers in the treatment group are less likely to be from a low income family and less likely to have a parent with incomplete high school. Even when the p-value indicates that these differences are individually significant, the magnitude of the economic effect is extremely small, around 2%. Moreover, the last row of the 2011 panel shows that taken together, baseline characteristics do not significantly predict whether a student is in the treatment or the control group, even in the post attrition samples. The statistic reported is the F-statistic of the joint test, and p-values indicate that we cannot reject the null hypothesis that baseline characteristics do not jointly determine the random allocation to the program.
The conclusions from the 2012 cohort are similar. First, attrition rates are higher than in the 2011 cohort, but still low. In this cohort 15% of students missed the Reading test, 15.26% missed the Math test, and 15.36% missed the Science test (statistics not reported in the table). However, differences in attrition rates between treatment and control groups for 2012 are small and insignificant. Being in the treatment group is associated with about 1% lower probability of sitting for the Reading, Math, and Science tests relative to the control group, but these differences are not significantly different from zero, which suggests that the higher overall attrition in 2012 does not bias our results of the impact of PAC on SIMCE.
As further corroborative evidence panel B in Table A5 shows that the 2012 subsample excluding schools contaminated by the CLASS intervention is also balanced: all baseline characteristics are jointly insignificant in explain treatment status, as evidenced by the F-test. Individually, all baseline characteristics are balanced between treatment and control groups, with the exception of Nbr years failed (the number of grades a student had to retake prior to the fourth grade), which difference is economically negligible in magnitude and statistically only marginally significant.
In sum, we find no evidence that the experimental design was compromised in any way. In both cohorts the difference in the proportion of attritors is negligible in magnitude and not significant and the randomization was successful in balancing baseline characteristics, even for the post attrition samples.
Estimation and inference
Our results explore overall effects as well as heterogeneous treatment effects by school and students' demographic characteristics. In our heterogeneity analysis we first analyze results by school socio-economic status. Second, we define four groups of students based on the interaction between the gender of the student and her household income (Female-Low income, Female-Medium-High income, Male-Low income, and Male-Medium-High income).
The focus on income is mainly motivated by the need to understand whether such programs are particularly helpful for the most deprived, or by contrast they reinforce resources provided by parents. In general there is ample evidence showing an association between income and wealth with child outcomes. Whether such association extends to responses to interventions is an open and important question. Gender is also important; girls tend to perform better than boys in Reading and worse than boys in Math and Science (OECD, 2015) .
These outcomes may be related to teachers' practices. Using the same sample of fourth grade teachers in Chile as this paper, Bassi, Mateo Díaz, Blumberg, and Reynoso (2018) show that teachers in fact pay more attention to boys than girls, and those differentiated behaviors are correlated with worse performance in SIMCE in Math and Science among the girls. It is thus important to understand whether there are substantial differences in the response to interventions.
The results we present are obtained by a regression at the individual student level
where SIM CE ijgk is the test score of student i, in school j, in demographic group g, and in subject k = {M ath, Language, Science}. This is measured in units of a standard deviation of the control group (which we will refer to as SD units henceforth). T ij is is a dummy indicating whether the student attended a school j that was randomized into the program (PAC); X ijg is a vector of student-school characteristics that includes baseline characteristics; 11 and ijgk is a random error term, which because of randomization is uncorrelated with treatment assignment.
Not all schools assigned to the program actually implemented it: there is non-compliance in both the 2011 and the 2012 cohorts. Table 1 shows take up rates of schools considered eligible to the program, for both years 2011 and 2012 and for the total schools that were ever considered eligible. Notes: PAC stands for Plan Apoyo Compartido. All schools refers to the 843 schools that were considered eligible by the program and considered in the program evaluation at some point. The 2011 sample consists of the 841 schools that were originally included in the program evaluation sample. The 2012 sample consists of the 702 schools that remained in the program evaluation sample in the second year and were randomly excluded from the CLASS intervention (that is, 839 schools that continued in 2012 minus 137 schools that participated in CLASS). Implemented PAC is a dummy variable that takes value one if the school participated in PAC and zero otherwise. Randomized into PAC is a dummy variable that takes value one if the school that randomly assigned to the treatment group and zero otherwise.
In 2011 about 23% of schools randomized into the program did not implement it. In this case if we replace the randomization indicator T ij with whether treatment actually took place and then use the randomization indicator as an instrument we will identify the effect of treatment on the treated because noncompliance is only one sided. In 2012 however, we have two sided noncompliance, with 8% of schools not assigned to the program by the randomization actually getting it. 12 IV in this case identifies the LATE parameter under the additional monotonicity assumption that randomization either does not change treatment status or induces the school to adopt the program but never the reverse. 13 In all cases using as treatment variable the original randomization (T ij ) provides an unbiased estimate of the intention to treat parameter (ITT), namely the effect of having been offered the program.
At the student level Table 2 shows that for the 2011 cohort 76% of students were exposed to it as a result of the school being assigned to receive PAC. No student in the control group was exposed. The percentage varies slightly by demographic groups because the composition of the schools is not uniform. For the 2012 cohort the percent of exposed students as a result of being randomized into the program is 63%; some student in the control group did however receive the treatment. Table A9 in the appendix shows similar conclusions for the whole sample of 2012 schools. Notes: PAC stands for Plan Apoyo Compartido. The dependent variable is Implemented PAC, a dummy variable that takes value one if the student attends a school that participated in PAC and zero otherwise. Randomized into PAC is a dummy variable that takes value one if the student attends a school that was randomly assigned to the treatment group and zero otherwise. All refers to all students pooled together. Low Income is a dummy variable that takes value one if the student's family monthly income is less than 300,000 Chilean pesos, the minimum wage in such country. High Income is a dummy that takes value one if Low Income= 0. 95% bootstrapped confidence intervals are shown in brackets. * * * Variable significant at the 1% level. Clustering at the school level. The 2012 sample excludes schools that implemented CLASS.
In deriving standard errors and carrying out inference we cluster at the school level, which is the randomization unit. Since we will be splitting the sample by demographic characteristics and testing families of hypotheses we adjust the p-values for multiple testing using the step-down procedure of Romano and Wolf (2005) . The resulting p-value is the Family wise error rate (FWE), namely the probability that we incorrectly identify one coefficient as significant in the entire group of hypotheses being tested. We use 1000 bootstrap replications to compute all standard errors and confidence intervals.
12 Table A8 in the appendix shows a similar picture when all 2012 schools are considered. 13 See Imbens and Angrist (1994) .
Main Results

CLASS, Hawthorne Effects and the 2012 sample
As mentioned earlier, in order to better understand how PAC works and how it may affect teacher practices it was decided to implement the CLASS observation system in a random subset of 137 PAC treatment and PAC control schools. The CLASS was effectively another intervention consisting of videotaping lectures in full knowledge of the teachers within randomly selected PAC control and PAC treated schools. The question is whether CLASS had an effect in itself, thus contaminating the control group. Exploiting the fact that CLASS was randomly allocated, we estimate the treatment effect of receiving CLASS by comparing the outcomes for children in whose schools CLASS was implemented to those in which it was not, among the schools that did not implement the PAC (PAC controls). The mere implementation of CLASS significantly improved SIMCE scores by 23%, 18% and 21% of a standard deviation for Reading, Math and Science respectively. However, CLASS had no additional effect on learning outcomes for children in the PAC treatment group. 14 This is a characteristic example of the so called Hawthorne effects (Landsberger, 1958; Levitt and List, 2011 ) which lead to productivity increases when people feel they are being monitored. 15 The implication is that by including schools that received CLASS in our evaluation sample we would blunt the estimated effects of the PAC; hence we exclude all 2012 schools in treatment and control that implemented CLASS. Importantly since CLASS was randomly allocated, this causes no bias, but instead produces results that correctly reflect the PAC intervention.
The estimates that include the CLASS sample are presented in Appendix E for completeness. Notes: PAC stands for Plan Apoyo Compartido. Implemented PAC is a dummy variable that takes value one if the student attends a school that participated in PAC and zero otherwise. Randomized into PAC is a dummy variable that takes value one if the student attends a school that was randomly assigned to the treatment group and zero otherwise. The effects shown are in units of the control group standard deviation. 95% bootstrapped confidence intervals are shown in brackets. Romano-Wolf step down p-values from the two sided test accounting for all3 hypotheses are shown in parenthesis. All regressions include cohort fixed effects. Clustering at the school level. The 2012 sample excludes schools that implemented CLASS.
Overall effects
We start by showing in Table 3 the overall Intention to Treat (ITT) effects of the experiment pooling the data from the two cohorts together and controlling for cohort fixed effects. In all Tables that follow we report results without covariates (other than cohort effects when we pool them). Appendix F reports the results when we include covariates. In this and all Tables that follow we report 95% confidence intervals (CI) in square brackets and RW stepdown p-values in parentheses, both computed using the bootstrap.
The impacts on Reading and Math are both large, and significant even controlling for multiple testing. The results for Science are smaller and the Romano Wolf (RW) stepdown p-value is 0.06. Overall the conclusion from this table is that the intervention was successful in improving learning standards. In what follows we first consider how the program worked for separate cohorts and we then proceed with heterogeneity analysis. Considering the results for the ITT and the corresponding ones for IV we find that Reading improved by about 0.10 of a SD in 2011, giving an IV coefficient of 0.125 (RW pva;ue 0.02), revealing a large impact in the schools that actually received the PAC. There is also a 0.07 improvement in Math in the same year, that is individually significant (see CI) but not so once we account for multiple testing (see RW p-value). The remaining effects for 2011 are not significant.
Effects by Cohort
The effects in the 2012 sample are strong: test scores in all subjects improve between 0.09 and 0.13 of SD units relative to control schools, and the effects are all significant, even accounting for multiple testing. The effects are larger than those in 2011, which is consistent with the program maturing and being better embedded in the implementing schools. Indeed, the fraction of classrooms with teachers who are hired in 2012 or who are substitute teachers in the school is only 13.37%, implying improved experience levels with PAC implementation in the second year. So these results point to the persistent and even improving success for the program overall.
Table A14 in appendix F shows that these results are robust to including covariates in the specification. 
Heterogeneity Analysis
Given the overall impacts of the program we now investigate whether these differ across gender and socioeconomic status, which are sources of disparities in performance. We will be focussing on three groups: Boys and Girls; children from low Income households versus higher income; and low versus Higher SES schools. We define low income background as children from families with a monthly income less than 300,000 Chilean pesos (US$ 600 in 2011), which is the minimum wage. The SES status of the school is defined by the government based on an index of parental education and income and a vulnerability index. 17 In our sample of PAC eligible schools Lower SES schools are overrepresented, reflecting the fact that underperforming schools tend to serve lower SES students. Our Low SES group includes the schools classified by the government as belonging to the Low and medium-Low groups.
The heterogeneity analysis is important for targeting, program improvement and understanding how to reduce important educational deficits: there are large disparities among the groups and a key question is whether the program reduces such inequalities and more generally how it affects the outcomes of each category. Table 5 shows the difference in the SIMCE scores, in standard deviation units, for the control group in both cohorts between boys and girls and between children from lower and higher income families. We also show differences between children in low and higher SES schools.
Girls perform better in Reading and worse in Math and Science while children from higher income groups are performing uniformly better than lower ones. We also find differences between low and higher SES schools, although these are not significant. Nevertheless, it is still interesting to consider the impact of the program across types of school because policy makers often target policies based on overall school composition and because the peer structure is different. We start by considering how the program affected different SES type schools and then we move to gender and family background differences. 16 The 2012 results including the CLASS subsample are shown in Table A11 in appendix E. These show a decline in the impact of the program. However, this is fully explained by the fact that CLASS raised the performance of the control schools (non PAC) in which it was implemented, as we documented earlier. For further corroboration we also show in section 2 that the PAC intervention was well implemented in 2012.
17 The Education Quality Assurance Agency, responsible for the SIMCE, classifies schools into socioeconomic categories based on four variables: mothers' years of education, fathers' years of education, monthly income reported by parents, and a vulnerability index developed by the Ministry of Education. The first three variables are obtained from SIMCE parents questionnaires. The average value among parents of the corresponding students grade is calculated for each of these variables. A cluster methodology is applied with these four variables to classify schools (for each grade level in which SIMCE is applied) into five socioeconomic categories: low, medium-low, medium, medium-high, high. Appendix Table A7 shows the distribution of Chilean schools according to their SES along with the distribution in the PAC sample of eligible schools. Notes: Table shows pairwise differences in performance for students in the control group by demographic characteristics. SES variables refer to the school Socio Economic Status as described in this section 4. Low Income is a dummy variable that takes value one if the student's family monthly income is less than 300,000 Chilean pesos, the minimum wage in such country. 95% bootstrapped confidence intervals are shown in brackets.
Heterogeneity analysis can be particularly susceptible to false positives (i.e. finding significant results when there are none) because the number of hypotheses being tested is multiplied. Thus for each case we compute RW stepdown p-values for the entire set of hypotheses involved as specified below. Moreover, for this analysis we pool the 2011 and the 2012 data (allowing for cohort effects) so as to increase statistical power. Notes: PAC stands for Plan Apoyo Compartido. Randomized into PAC is a dummy variable that takes value one if the student attends a school that was randomly assigned to the treatment group and zero otherwise. SES variables refer to the school Socio Economic Status as described in section 4. The effects shown are in units of the control group standard deviation (SD). 95% bootstrapped confidence intervals are shown in brackets. RW step down p-values allowing for all 6 hypotheses from the two sided tests are shown in parenthesis. All regressions include cohort fixed effects. Clustering at the school level. Schools that implemented CLASS are excluded from the 2012 sample. 
Effects by School Socio-Economic status
Effects by gender and family income
We now turn to differences by gender and household income, both sources of disparities in performance. We are particularly interested in how impacts vary between children of different SES backgrounds because it has been a challenge to improve outcomes for the most deprived populations. In addition, gender disparities in educational performance may partly explain male/female differences in labor market outcomes, including in wages and informality rates.
Appendix Tables A17 and A18 show differences between boys and girls and low and higher income background students respectively. We find that overall there are no significant differences in impacts between boys and girls and the estimates are almost the same. However, we find that the impacts for students from higher income backgrounds are approximately twice those of the students from low income families: the reading score improved by 0.167 SD units (p-value 0.01) for the higher income group and only 0.089 SD units (p-value 0.01) for the lower group. The Math score improvements were 0.143 (p-value 0.01) and 0.074 (p-value 0.08) respectively.
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We now look at this in greater detail by considering gender and income background differences jointly.
The results are shown in Table 7 that pools the two years together and includes cohort fixed effects in the regression. 20 The table presents 12 impacts and the RW stepdown p-values provide significance levels accounting for the fact we are considering these multiple hypotheses. We also report 95% confidence intervals.
The main conclusion from Table 7 is that the program produced significant impacts for the Reading scores for boys from both income groups as well as for girls from a higher income backround. It also improved significantly the Math performance of boys from the higher income group. Specifically, Reading scores for higher income children improve by 0.135 SD units for boys (RW p-value 0.02) and 0.203 SD units for girls (RW p-value 0.01) relative to kids in control schools. The Reading scores for boys in the lower income families improved by 0.10 SD units (RW p-value 0.01). We also find that a 0.18 SD units improvement in the Math scores for boys from the higher income group (RW p-value 0.01). Given the adjustment for multiple hypotheses testing these are particularly strong results. If we were using the conventional single hypothesis p-values many more of these 12 effects would have been classified as significant -for example see the individually significant improvements, implied by the 95% confidence intervals, in Math for lower income boys and girls; however the chance that these are false positives is quite high given the adjusted p-values.
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All in all, these results suggest that the PAC had a large and significant effect on the performance of fourth grade boys and girls from relatively higher income backgrounds. This is clear evidence that the structured 18 See Table A15 in appendix F for results including covariates in the specification. 19 p-values reported are RW stepdown for 6 hypotheses. 20 Once again, the 2012 sample exclude the contaminated CLASS sample. Table A13 in appendix E shows the 2012 results that include the sample contaminated by the CLASS intervention.
21 Results from the estimation of the model with covariates are shown in tables A15 in the appendix and are very similar. teaching intervention holds real promise. However, the effects on the lower income children are much smaller and when we break them down by gender, the only significant effect is confined to Reading and to boys only.
Thus the program, improved quality of education overall and improved the performance of boys and girls by the same amount, but did not reduce the disparities between socioeconomic groups. Thus, we need further understanding on how to improve the performance of children from lower SES backgrounds. Noting that lower parental income is associated with lower baseline achievement (as shown in Table 5 ), the difficulty of intervening successfully for the most disadvantaged is consistent with much of the literature that shows complementarities between investments in children and earlier achievement (Cunha, Heckman, and Schennach, 2010; Attanasio, Meghir, and Nix, 2019b) . It is also consistent with the results of other school interventions: for example Machin, McNally, and Meghir (2010) show that an inner city school intervention in England improved most the performance of the children with higher achievement, although they also showed that the largest effects were observed in under resourced schools, which is not surprising. This raises the urgency of how to design interventions for the most deprived populations and is likely to involve programs specifically targeted to address developmental deficits of children in deprived populations from a very early age (Attanasio et al., 2014 (Attanasio et al., , 2019a Gertler et al., 2014) .
In the next section we use the Classroom Assessment Scoring System (CLASS) to see whether the program affected the way teachers and students interact.
The 2012 CLASS experiment and students' learning
The small and growing literature that studies what characteristics of teachers matter the most for students' learning has recently started to focus on the quality of within classroom teacher-students interactions (Araujo, Carneiro, Cruz-Aguayo, and Schady, 2016) . In this section we study how important are teacher-students interactions to improve students' learning in our context, and whether the PAC had any positive impact on the quality of teacher-students interactions. As a preview of our results, we find that higher quality of teacherstudents interactions are associated with better test scores of low income students but are not correlated with test scores of high income students. Moreover, we find that the PAC was not successful in improving teacherstudents interactions by this measure.
Measuring the quality of teacher-student interactions
The main instrument used in this paper to measure teacher-student interactions is the CLASS in its Upper
Elementary version (fourth to sixth grade, see Pianta, Mashburn, Downer, Hamre, and Justice (2008)). The CLASS is an instrument used in the Education literature to measure the quality of teacher-student interactions, as a proxy to teachers' quality or effectiveness. To produce the CLASS measures, thoroughly trained coders watch and analyze videotaped classes and assign a score for teacher-students interactions in 11 dimensions.
These dimensions can be grouped into three main domains: Emotional Support, Classroom Organization, and
Instructional Support. 22 Coders look for very specific teachers' behaviors in each dimension, which are well described in the CLASS protocol that guides coders for their scoring.
There are several studies that link better student outcomes (both in learning and in the development of socioemotional skills) with teachers' scores in CLASS. Araujo, Carneiro, Cruz-Aguayo, and Schady (2016) present a brief review of this literature for the US and perform a study for Kindergarten children in Ecuador.
However, to the best of our knowledge, no study in the literature analyses the effect of CLASS on test scores for elementary school kids in developing countries.
In 2012, fourth grade teachers in participating schools were videotaped for four full lessons (see section 2.3 for details on the random selection of PAC schools to participate in the CLASS intervention). A total of 185 teachers were filmed following the CLASS protocol.
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The coding was done by 10 coders and a supervisor carefully trained and selected. 23 The fieldwork and coding according to CLASS was coordinated and implemented by a team of the Centro de Politicas Comparadas de Educacion from the Universidad Diego Portales, which had already applied CLASS for the evaluation of another program in Chile, Un buen Comienzo (Yoshikawa, et al. 2013) . 24 The coders had to take a two-day training course provided by a Teachstone certified trainer, who also had the experience of applying CLASS to the Chilean context. After the course, coders took a four-hour online test (developed by Teachstone), that asks the candidate to watch and code five segments of model videos. The candidate is approved when achieving a reliability rate of at least 80% in all videos and at least in two of the videos the same reliability in all CLASS dimensions. Only the candidates that passed the test were certified to be CLASS coders in this evaluation. In addition, before starting the coding of the videos for the PAC evaluation, coders participated in another training course to adapt their knowledge of CLASS to the Chilean context. The training included watching and coding videos of Chilean teachers, which were previously coded by experienced CLASS coders.
of 760 segments) in each of the CLASS dimensions. Following the CLASS protocol, the score on each dimension was based on a 1 to 7 scale ("low" for scores 1-2, "medium" for scores 3-5, and "high" for scores 6-7). The final CLASS scores for each domain consisted of the average across dimensions within the corresponding domain.
For the coding, videos were randomly assigned to the 10 certified coders. The coding process lasted five weeks.
During the first week of coding, 100% of the videos were double coded. The double-coding was expected to be gradually reduced in the following weeks if reliability rates remained above 80%.
25 Overall, 52% of the videos were double coded, with an average reliability rate of 84.2%. 26 This inter-coder reliability is comparable to that found in other studies. For example, Araujo, Carneiro, Cruz-Aguayo, and Schady (2016), Brown, Jones, LaRusso, and Aber (2010) report an inter-coder reliability rate of 83% for the 12% of the classroom observations which were double-coded. Notes: SES variables refer to the school Socio Economic Status as described in section 4. The effects shown are in units of the corresponding SIMCE test score standard deviation (SD). 95% bootstrapped confidence intervals are shown in brackets. All outcomes in this table are tested jointly to control for the Familywise Error Rate using the Romano-Wolf step down method.
CLASS, Teacher Performance and program effects
Step down p-values from the two sided test are shown in parenthesis. Clustering at the school level.
In Tables 8 and 9 we report the association between CLASS and SIMCE scores for the 2012 cohort by school SES and in Table 9 by gender and student family icome. The effects reported are in SD units of the SIMCE score for the corresponding demographic group and subject. Table 8 shows that performance in CLASS is significantly and positively associated with the test scores of students in the most disadvantage schools. Consistently, the most striking result from table 9 is the association between better student-teacher interactions (reflected in a higher CLASS score) and the performance of low income students. In effect, one additional standard deviation in the principal component of CLASS scores is associated with a higher SIMCE test score for low income students of between 0.15 and 0.20 of SD units.
For higher income students, effects are smaller and in some cases insignificant. These results are potentially important and consistent with the finding that teachers have a large causal impact on student performance (see 25 Coding is considered reliable if the difference between the two coders' score is less than 2 points for each CLASS dimension. 26 When a coding was not considered not reliable, a supervisor did a third coding, which was the final score attributed to that teacher. 27 Araujo, Carneiro, Cruz-Aguayo, and Schady (2016) get a higher inter-coder reliability rate (93%) double-coding 100% of the videos. Rivkin, Hanushek, and Kain (2005)). Taken at face value the results imply that moving a lower income student from a bottom 2% of teachers to the top 2% can improve outcomes of low income students by close to one standard deviation. There is no causality implied or presumed by these results, which may be entirely due to sorting of better low-income students to better teachers (say because of more pro-active parents). However, it does pose an interesting question as to whether improving interactions could actually lead to better performance for low income students. We thus examine whether the CLASS score was affected by the program. Table 10 shows the result of regressing CLASS scores on treatment allocation and covariates. The results consistently suggest that the program has no significant effect on teacherclassroom interactions in 2012. Given that CLASS is ranked based on interactions that may somehow be discouraged by the PAC intervention, it may well be that CLASS is not a particularly good way of understanding the mechanisms through which the PAC operated. It may also be that the improvements we observed relate to practices not captured by CLASS, namely the more structured approach to lesson planning and the monitoring of students. On the other hand the loss in sample size has meant that these estimates are not as precise as we would desire. However, the association of CLASS scores with better performance of low income students suggests that improving outcomes for deprived populations should focus more on how teachers interact with low income students, as well as improving practices tested with this intervention. It is important to remember that, after all, the scripted instruction intervention was successful; moreover, while the impacts are concentrated among the relatively better off, the population we are studying is already lower-income and attending underperforming schools.
The impact of PAC on CLASS
Discussion and Conclusions
Improving quality of education has proved to be a major policy challenge. While the quality of teachers seems to be of central importance the policy question remains, particularly because it is not clear what constitutes a priori a good teacher. One possibility is to consider more structured teaching methods, that define carefully what teachers are supposed to do and monitor the progress of students throughout the year. This is the idea underlying PAC (Plan Apoyo Compartido) the program we are analyzing in this paper and which was launched in 2011 in Chile. Through standardized teaching material (class preparation) and through the support of internal and external pedagogic teams, the program aimed at reducing the gap, as measured by the standardized test SIMCE, between the poorest student population and the national average. The program was designed with a gradual implementation, which implied that only half of eligible schools could be offered the program. These were selected randomly, which forms the basis of our evaluation.
The results for the first 2011 cohort of implementation were encouraging implying overall improvements in Reading. In the second year of the program, the effects increase for all subjects and become significant also for Math and Science. When we break down the impacts by school socioeconomic status (SES) we find that the positive effects of the program are concentrated among children in schools with higher SES. Moreover, heterogeneous effects by students' gender and family income reveal positive and significant effects particularly for students originating from relatively higher income families. Importantly the effects are the same for boys and girls. Overall, it seems that the program can improve outcomes, but it mainly improves results for the relatively better off.
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In order to begin understanding what lies behind these results we used the CLASS system to record classroom 28 PAC was discontinued in 2014 by the entering administration of the Ministry of Education.
sessions and score teacher-student interactions. CLASS is a well-documented instrument in the education literature that uses a very rigorous protocol to score the ways students and teachers interact along various dimensions (class organization, instructional support and emotional support, measured in 11 different subdimensions). We find that CLASS scores are correlated with SIMCE results: a better CLASS score is associated with better performing students, particularly among those from lower income backgrounds. No causality should of course be attributed since it may well be the case that teachers interact better when they are interacting with better performing students. We then examine whether the program shifted the CLASS score, by improving teacher-student interactions and we find no effect at all. However, since CLASS altered the performance of the control group it is hard to interpret this result: in other words the group that was observed via CLASS is not comparable to the one that was not.
Despite the overall success of the program, the urgent question of how to improve outcomes of children from the most deprived backgrounds remains. As much research seems to show the answer may lie in Early Childhood Development Programs, which attempt to ensure that children from the most deprived backgrounds have better cognitive development and access to improved opportunities from the earliest possible age, making them potentially better placed to benefit from schooling.
Appendix A Evidence on implementation of PAC 
Appendix B Summary Statistics
The names of columns indicate the set of students over which summary statistics are calculated.
Columns labeled Reading, Math, and Science test takers indicate the pool of students that took each of the corresponding subject tests. This corresponds to the post attrition sample, since for each test, there is a small set of students that did not take the test (we discuss the section 2.5).
Sub-columns labeled PAC=0 and PAC=1 refer to treatment status. PAC is a dummy variable that takes value one if the student goes to a school that was invited to participate in the program through the randomization, and zero otherwise. In what follows, we refer to the set of students such that PAC=0 as the control group and to the set of students such that PAC=1 as the treatment group.
In turn, the table is divided in three panels, 2011, 2012-excluding CLASS sample, and 2012, indicating the fourth grade cohorts considered in this paper.
The names of rows indicate the variable for which we show summary statistics.
SIMCE scores (Reading, Math, and Science) refer to the grade obtained by students in the SIMCE subject tests.
Baseline characteristics indicate characteristics of the students that do not change because of treatment.
They include student demographic characteristics and education of parents. Student demographics are Female (a dummy variable that takes value one if the student is a female and zero otherwise), Low income (a dummy variable that takes value one if the student's family monthly income is less than 300,000 Chilean pesos, or around 600 dollars at that time), 29 Nuclear, Extended, and Other family (three dummies that indicate the family structure of the student), and Nbr years failed (a count variable that captures the number of primary school years the student had to retake previous to the forth grade). Mother's and father's education refer to the highest education level reached by the student's mother and father. These include No education, Incomplete primary, Primary, Incomplete high school, High school, Incomplete college, and college.
29 SIMCE includes a 1 to 9 scale for the income reported by the parents in the questionnaire that they complete. We consider "low-income" those reporting in categories 1 to 4. It is important to note, tough, that students in our sample belong mainly to low-middle income families in Chile. Notes: PAC=1 and PAC=0 denote the treatment and control groups, respectively. SES variables refer to the school Socio Economic Status as described in section 4; Public is a dummy variable that takes value 1 if the school depends upon the municipality; Avg. SIMCE refers to the average score in the SIMCE tests. Notes: Pre attrition sample refers to the universe of students in the fourth grade. Post attrition sample refers to the sub sample of students that took each of the subject SIMCE tests. The statistic (Stat.) reported in the balancing exercises is E(PAC=1) -E(PAC=0), that is, the difference in means between the treatment and the control groups. The statistic (Stat.) reported in the test of joint significance exercises is the F-test. Baseline characteristics include student demographics and Mother's and father's education. Student demographics are Female (a dummy variable that takes value one if the student is a female and zero otherwise), Low income (a dummy variable that takes value one if the student's family monthly income is less than 300,000 Chilean pesos, the minimum wage in such country), Nuclear, Extended, and Other family (three dummies that indicate the family structure of the student), and Nbr years failed (a count variable that captures the number of primary school years the student had to retake previous to the forth grade). Mother's and father's education refer to the highest education level reached by the student's mother and father. These include No education, Incomplete primary, Primary, Incomplete high school, High school, Incomplete college, and college. Notes: The statistic (Stat.) reported in the balancing exercises is E(PAC=1) -E(PAC=0), that is, the difference in means between the treatment and the control groups. Baseline characteristics include student demographics and Mother's and father's education. Student demographics are Female (a dummy variable that takes value one if the student is a female and zero otherwise), Low income (a dummy variable that takes value one if the student's family monthly income is less than 300,000 Chilean pesos, the minimum wage in such country), Nuclear, Extended, and Other family (three dummies that indicate the family structure of the student), and Nbr years failed (a count variable that captures the number of primary school years the student had to retake previous to the forth grade). Mother's and father's education refer to the highest education level reached by the student's mother and father. These include No education, Incomplete primary, Primary, Incomplete high school, High school, Incomplete college, and college. student attends a school that participated in PAC and zero otherwise. Randomized into PAC is a dummy variable that takes value one if the student attends a school that was randomly assigned to the treatment group and zero otherwise. All refers to all students pooled together. Low Income is a dummy variable that takes value one if the student's family monthly income is less than 300,000 Chilean pesos, the minimum wage in such country. High Income is a dummy that takes value one if Low Income= 0. 95% bootstrapped confidence intervals are shown in brackets. * * * Variable significant at the 1% level. Clustering at the school level.
Appendix D The impact of participating in CLASS on SIMCE Notes: PAC stands for Plan Apoyo Compartido. Randomized into PAC is a dummy variable that takes value one if the student attends a school that was randomly assigned to the treatment group and zero otherwise. SES variables refer to the school Socio Economic Status as described in section 4. The effects shown are in units of the control group standard deviation (SD). 95% bootstrapped confidence intervals are shown in brackets. All outcomes in this table are tested jointly to control for the Familywise Error Rate using the Romano-Wolf step down method. The resulting step down p-values from the two sided tests are shown in parenthesis. Clustering at the school level. Notes: PAC stands for Plan Apoyo Compartido. Randomized into PAC is a dummy variable that takes value one if the student attends a school that was randomly assigned to the treatment group and zero otherwise. Low Income is a dummy variable that takes value one if the student's family monthly income is less than 300,000 Chilean pesos, the minimum wage in such country. High Income is a dummy that takes value one if Low Income= 0. The effects shown are in units of the control group standard deviation (SD). 95% bootstrapped confidence intervals are shown in brackets. All outputs in this table are tested jointly to control for the Familywise Error Rate using the Romano-Wolf step down method. Romano-Wolf step down p-values from the two sided test are shown in parenthesis. Clustering at the school level. Notes: PAC stands for Plan Apoyo Compartido. Implemented PAC is a dummy variable that takes value one if the student attends a school that participated in PAC and zero otherwise. Randomized into PAC is a dummy variable that takes value one if the student attends a school that was randomly assigned to the treatment group and zero otherwise. The effects shown are in units of the control group standard deviation. 95% bootstrapped confidence intervals are shown in brackets. In each panel, all 6 impacts are tested jointly to control for the Familywise Error Rate using the Romano-Wolf step down method. Romano-Wolf step down p-values from the two sided test are shown in parenthesis. All regressions include covariates: whether the students lives in a household with at least one parent and/or siblings; whether the student lives in a household with members of the extended family; the number of times the student failed a school year; mother's education: dummies for "no education", "inc primary", "primary", "inc high school", "high school", "some college", "college +"; father's education (same dummies as mother education). Clustering at the school level. In the second panel the instrument is Randomized into PAC. The 2012 sample excludes schools that implemented CLASS. Notes: PAC stands for Plan Apoyo Compartido. Randomized into PAC is a dummy variable that takes value one if the student attends a school that was randomly assigned to the treatment group and zero otherwise. SES variables refer to the school Socio Economic Status as described in section 4. The effects shown are in units of the control group standard deviation (SD). 95% bootstrapped confidence intervals are shown in brackets. All outcomes in this table are tested jointly to control for the Familywise Error Rate using the Romano-Wolf step down method. The resulting step down p-values from the two sided tests are shown in parenthesis. All regressions include cohort fixed effects. All regressions include covariates: whether the students lives in a household with at least one parent and/or siblings; whether the student lives in a household with members of the extended family; the number of times the student failed a school year; mother's education: dummies for "no education", "inc primary", "primary", "inc high school", "high school", "some college", "college +"; father's education (same dummies as mother education). Clustering at the school level. The 2012 sample excludes schools that implemented CLASS. Notes: PAC stands for Plan Apoyo Compartido. Randomized into PAC is a dummy variable that takes value one if the student attends a school that was randomly assigned to the treatment group and zero otherwise. Low Income is a dummy variable that takes value one if the student's family monthly income is less than 300,000 Chilean pesos, the minimum wage in such country. High Income is a dummy that takes value one if Low Income= 0. The effects shown are in units of the control group standard deviation (SD). 95% bootstrapped confidence intervals are shown in brackets. All outcomes in this table are tested jointly to control for the Familywise Error Rate using the Romano-Wolf step down method. The resulting step down p-values from the two sided test are shown in parenthesis. All regressions include cohort fixed effects. All regressions include covariates: whether the students lives in a household with at least one parent and/or siblings; whether the student lives in a household with members of the extended family; the number of times the student failed a school year; mother's education: dummies for "no education", "inc primary", "primary", "inc high school", "high school", "some college", "college +"; father's education (same dummies as mother education). Clustering at the school level. The 2012 sample excludes schools that implemented CLASS.
E.3 2012 results by gender and income
Appendix F Main results with covariates
